We measure the impact of observed teacher characteristics on student math and reading proficiency using a rich dataset from Florida. We expand upon prior work by accounting directly for nonrandom attrition of teachers from the classroom in a sample selection framework. We find evidence that sample selection is present in the estimation of the influence of teacher characteristics, but that failure to account for it does not appear to substantially bias estimation. Further, our procedure produces some evidence that more effective teachers are more likely to exit the classroom.
Introduction
There is a great deal of interest in the measurement of teacher quality and the factors related to its development. Policymakers and taxpayers want to know which factors lead to effective teachers because teacher salary and benefits represent the nation's single largest educational expenditure. 1 School administrators are in need of observable characteristics that they can use to identify teachers who will be successful in later years before those teachers earn the protection of tenure.
Several papers have evaluated the variation in teacher quality and the extent to which observable factors about a teacher are related to classroom effectiveness. Further, a more recent body of research has begun to examine the factors that make teachers more likely to leave the profession, most importantly whether the most or least effective teachers are prone to exit.
One potential limitation of research on teacher quality is that it has thus far not accommodated the issue of sample selection among teachers. There is substantial attrition from the teaching profession, particularly in the first three years after entering the classroom, and this attrition is almost certainly non-random. For instance, some research indicates that teachers with better academic qualifications are more likely to leave during the early years of teaching employment (Murnane & Olsen, 1989 , 1990 Pogursky, Monroe, & Watson, 2004) .
It is well established that estimation is biased if factors that determine an outcome also determine whether the dependent variable is observed for a member of the potential sample. Though prior researchers have worried about the potential sample selection problem (Rockoff, 2004; Harris & Sass, 2007) , no prior work of which we are aware has directly accounted for such sample selection in estimation.
There are two important sample selection issues facing the estimation of teacher quality models. The first is related to the type of individual who chooses to become a teacher. A second sample selection issue is related to the type of teacher who, once in the classroom, decides to remain in the profession. While both issues are important avenues for research, this paper is concerned with accounting for the latter.
We attempt to begin filling this void in the literature using an administrative dataset from Florida. We adopt a slightly modified version of the sample selection model developed by Heckman (1979) , commonly known as the Heckit, to account for teacher attrition when evaluating the relationship between teacher characteristics and the impact a teacher makes on student proficiency gains.
We utilize a rich administrative dataset that links individual teachers and students throughout Florida elementary schools from 2000-2001 to 2003-2004 school years. Along with test score information and student and teacher demographic variables, we also have college transcript information for a sub-sample of teachers, which includes all elementary school teachers who were hired after 1994 and graduated from a Florida public university.
We contribute to some important and growing research strands. First, we contribute to the expanding literature on how observable factors are related to effectiveness in the classroom. Among others, we specifically add to previous work by Harris and Sass (2007) utilizing the Florida data to estimate the impact not only of factors such as classroom experience and certification status on teacher effectiveness, but also the teacher's preparation in college.
We also add to the expanding research on the factors that are related to teacher attrition. It is important that we understand the role of attrition from the classroom in the first several years of employment if we are to fully understand how policy impacts teacher quality. We produce estimates on the impact of observable factors related to attrition in a given year and also add information to the research evaluating whether more or less effective teachers are the likeliest to leave the profession.
Our results indicate that sample selection is present in estimating the impact of teachers and observed teacher characteristics on student proficiency gains, at least in elementary school. However, in comparing the results from estimating models with and without incorporating sample selection, we find the bias in estimating coefficients related to teacher quality due to a failure to account for sample selection is not substantial in size and does not change inference.
Consistent with prior work, we find that credentials and years of experience are generally unrelated to classroom effectiveness. Additionally, college coursework has little to no impact on teacher productivity. Finally, contrary to the few existing prior studies, we find evidence of an inverse relationship between the probability that a teacher remains in the classroom and a teacher's effectiveness.
Model framework
It is useful to think of a simple model of student proficiency in order to fix ideas and motivate estimation. We treat academic proficiency of student i taught by teacher j at school s at the end of school year t, Y isjt , as a linear function of student characteristics, including beginning proficiency (X); the influence of the school (School); influence of the student's teacher (Teach Quality); and random error (ε).
Several previous studies have estimated forms of Eq. (1). These papers generally include a teacher fixed-effect as the variable Teach Quality and focus on explaining the variation of the estimated fixed-effect coefficients. We expand upon (1) to allow teacher quality itself to be a function of time varying (TV) and time invariant (TI) characteristics that are either observable or unobservable to the researcher (denoted with the superscripts o and u, respectively), and innate teacher ability ( ). That is, we allow for teacher effectiveness to be a partial function of attributes that directly improve classroom ability -experience, training toward certification, etc. -and attributes that are specific to the individual teacher and not changed by outside forces -examples may be compassion, internal desire to help children, patience, etc. A deterministic function for Teach Quality would be:
Substituting (2) into (1) gives:
Research evaluating the impact of observed teacher characteristics on student academic achievement have a model similar to (3) in mind. Due to the lack of observations on TV u and TI u , conventional estimation makes 3 TV u jt become part of ˇ0 and ε isjt , as does 4 TI u j unless a teacher fixed effect is utilized, in which case 4 TI u j and the mean impact of 3 TV u jt are incorporated into j . Consistent estimation of the parameters on variables related to teacher quality (or X or School) is problematic if those factors are also related to whether or not a given teacher is observed in the classroom in year t. In particular, consider a simple model for a teacher's decision to remain employed as a classroom teacher and thus observed in our dataset for a given school year (Teach ∈ (1,0)). Let Teach be a function of time varying and invariant training characteristics and a stochastic term, , such that:
If (4) depicts teacher attrition such that some or all of the unobservable variables related to attrition (TV jt u , TI j u and jt ) are also related to teacher quality, then direct estimation of (3) must account for selection. The issue arises because Y ijst is only observed for teachers for whom Teach jt equals 1. Teachers who exit the profession are no longer matched to students and thus are not included in the sample for estimating (3). If the unobservable factors that affect the probability that a teacher is observed in a sample are related to unobservable factors that influence a teacher's productivity, then failure to account for this relationship by estimating (3) as a single equation typically gives biased estimates of the coefficients in (3). One potential impact of selection is the estimated influence of teacher experience on student proficiency. If the least effective teachers are more likely to exit teaching early in their careers then models that fail to account for selection will find a positive correlation between experience and teacher effectiveness that is not due to actual teaching improvements that come from experience.
Previous research
The research evaluating the relationship between observed teacher characteristics and classroom effectiveness has been thoroughly surveyed recently in several papers including Hanushek and Rivkin (2006) , and Harris and Sass (2007) . The primary differences among prior studies relate to whether the researcher accounts for unobserved student and teacher characteristics through the use of covariates or fixed effects.
The most basic strand of related research is concerned with quantifying the variation in teacher quality. These papers estimate models similar to (1) above and analyze the variation in the teacher fixed effects (Aaronson, Barrow, & Sander, 2003; Hanushek, 1992; Rivkin et al., 2005; Rockoff, 2004) . This research consistently finds wide variation in teacher quality within and across schools.
Many prior studies are dedicated to identifying observable characteristics about teachers that might help explain such substantial variation on classroom effectiveness. The majority of this research has focused on the relationship between a teacher's effectiveness and the possession of advanced degrees or the number of years spent in the classroom. The focus on these attributes is driven both by their greater availability in existing datasets as well as the primary role these attributes play in the determination of teacher salaries. Hanushek and Rivkin (2006) identified 170 estimates on the impact of earning an advanced degree and 206 estimates of teacher experience on student proficiency in the literature. They found that 86 percent of estimates on teacher education were insignificant. Only 29 percent of estimates of classroom experience were significantly positive, and this research tended to show the effect plateaus after about three to five years. However, some more recent work has found evidence that teacher credentials impact student achievement (Clotfelter, Ladd, & Vigdor, 2007) .
Some prior work has utilized a richer set of covariates in an attempt to more finely measure the effect of specific teacher training on classroom effectiveness. This work is surveyed by Harris and Sass (2007) , who found that the prior work has failed to find many such factors. In a recent analysis closely related to the current paper, Harris and Sass use the same extensive Florida dataset to evaluate the relationship between observed teacher training characteristics and productivity in the classroom. They found that teacher training has little influence on classroom effectiveness. Along with some differences in sample restrictions, variable creation, and the choice in how to account for student characteristics, the present paper differs from the Harris and Sass paper in its focus on the issue of how ignoring non-random teacher attrition affects parameter estimates. This paper also relates to a budding literature focused on evaluating the relationship between measured teacher effectiveness and the likelihood of attrition. Some prior work has evaluated a calculated measure of teacher valueadded on an observation of whether the teacher exits the profession (Boyd, Grossman, Lankford, Loeb, & Wyckoff, 2008; Goldhaber, Gross, & Player, 2007; Hanushek, Kain, O'Brien, & Rivkin, 2005; Kreig, 2004; Murnane, 1984; West & Chingos, 2008) . Each of these papers calculates a teacher's value-added by recovering a teacher fixed-effect from an estimated student production function, and then uses this calculated fixed-effect either to evaluate descriptive information about attrition or in a second stage equation modeling teacher moves across the school system or out of the profession. These studies tend to find a positive relationship between teacher quality and remaining in the classroom.
Limitations of prior research
There are several difficulties with estimating both the impact of teacher specific value-added through a fixedeffect and the impact of observed characteristics for which prior research has attempted to account with varying success. One important criticism recently leveled by Rothstein (2007) is that prior estimation fails to adequately account for non-random matching of students to teachers. Prior work indicates that at least some teachers are selected to instruct students as a function of student innate ability or prior proficiency (Clotfelter, Ladd, & Vigdor, 2005; Feng, 2005) . Such non-random sorting can lead to potentially severely biased estimates. However, Koedel and Betts (2009) show that the bias related to non-random sorting of students to teachers is reduced to statistical insignificance when evaluating teachers over multiple years. Another important limitation of this prior research is the failure to account for the non-random nature of attrition from the classroom. Bias due to sample selection could affect both the estimates of the observable characteristics' impact and those of individual teacher fixed-effects.
Failure to model attrition may additionally muddy interpretation of the impact of any characteristic of the teacher workforce if any of the variables evaluated in this literature play an important role in the teacher's decision to remain in the profession. For example, a teacher who has put forth the time and effort necessary to earn an advanced degree may be less likely to leave the profession than a teacher who has not made such an investment. Also, coursework that produces more within subject expertise, college level math courses for example, might make a teacher more effective in the classroom but could also provide additional opportunities in the outside labor market and thus a greater likelihood of leaving the profession. A fuller model would incorporate the impact of these variables both on the teacher's within classroom effectiveness and on the probability that the teacher remains in the classroom. We present and estimate such a model here.
Estimation procedure
The econometric literature presents several possible avenues for estimation in the presence of sample selection. Wooldridge (2002) discusses a number of approaches as does Heckman (1981) . Important considerations are issues of state dependence and modeling of heterogeneity. All the selection models we reviewed deal with the situation where for each observation in a selection equation there is one observation in the corresponding regression model. Our application is non-standard. For a given teacher modeled in the selection equation and who decides to teach, there corresponds a classroom full of students -say 30 students -who are taught by that teacher. All students are going to be taught by some teacher. The salient issue is: are the unobservables that influence the teacher on the decision to teach correlated with the unobservables on each student's performance? The existence of such a correlation implies incidental truncation. The hypothetical population would be the outcomes if all teachers taught in each year. So we cannot observe how students would have performed had the teachers not electing to teach had taught. These "unobserved" student performances are assumed to be performances that would have been observed had the teacher chosen to teach in a situation similar to the last time she taught. To model this incidental truncation we employ a simple Heckit type estimation approach with necessary extensions and simplifying assumptions to allow for estimation. These aspects are discussed as they become needed and apparent in the modeling. 2 A common procedure for accounting for sample selection bias is to utilize a two-stage Heckit (Heckman) procedure to estimate the equations of interest. The Heckit procedure first estimates a probability function that gives the likelihood that an individual is observed in the sample for estimating (3) (i.e. the teacher is teaching). This probability function is used to compute the inverse Mills ratio (IMR) that becomes a regressor in the equation relating productivity (student test scores) to teacher and student characteristics. This study's general approach first uses information about the teacher to estimate a model of the probability a teacher will teach in year t that takes the form:
where Teach jst is a binary variable that equals one if teacher j is teaching in a school (indexed by s) during year t and equals zero if the teacher is not employed in any such classroom; TV is a vector of descriptive, time-varying characteristics about the teacher such as certification and experience; TI is a vector of descriptive, 2 Other approaches in the literature could have been pursued such as the inverse probability model weighting of Wooldridge (2002) . This method was not pursued since it does not focus as transparently on the selection mechanism which is of primary interest here.
time-invariant characteristics about the teacher, for example, race/ethnicity, gender, prior coursework in college; and st is a fixed effect for the teacher's school in year t. The ˛s t term implies that the school where teacher j would teach is predetermined for the purposes of the teacher deciding to teach. 3 The jst represents a random error term that includes, among other things, the unobservables affecting teach quality.
Class is a vector of descriptive variables about the teacher's classroom environment in year t − 1 and is used to identify the model along with the ˛s t in the second stage. Class is a vector that includes the means of the demographic characteristics of students who were taught in the past year by teacher j. Two important variables included in Class are the mean reading and the mean math scores of the students taught by instructor j when they entered the classroom in the fall of year t − 1. These student scores were achieved by the students at the end of year t − 2 and thus serve to indicate the general quality of students teacher j had at the beginning of her most recent class prior to having to make the decision to teach in year t. We discuss issues related to the Class variable's use in identification later in this section. The Class variables are the only information from earlier years used to influence the current decision and is assumed a better indicator of past experiences than simply that the teacher taught in the previous years, i.e. state dependence. 4 Eq. (5) is the selection equation in the Heckit model. In the classical Heckit model the parameters are estimated as a probit model. However, estimating a probit model in this case is problematic. Most teachers in the sample who taught in school s did so for all three years. If Y jst = 1 for all teachers in school s in year t, their fixed effect (˛s t ) in (5) cannot be estimated by maximum likelihood (Greene, 2004) .
Estimation of (5) by ordinary least squares (OLS) is an alternative and results in a linear probability model. Using this method allows for incorporating all observations on teachers even for school j in period t that has all teachers return to teach. Some other recent studies have utilized OLS to estimated linear probability models (see for example, Duggan & Levitt, 2002 or Heckman & Snyder, 1997 . 5 No prior papers of which we are aware have used a linear probability model in a sample selection framework. However, all that is required to utilize the linear probability model procedure into the sample selection framework are accurate reduced form predictions of the outcome of interest and the ability to translate the OLS coefficient estimates into coefficients estimates that would have occurred in estimating a probit model. The first condition is the same as is required to use the linear probability model at all, as recent prior work has done. We satisfy the second condition by adjusting the linear prediction model resulting from (5) estimated as a linear probability model to approximate what would have resulted from probit estimation, following the procedure suggested by Amemiya (1981) . 6 Eq. (5) is estimated using the teacher as the observational unit and produces information about the impact of observable attributes on the probability that a teacher is teaching in year t. The Heckit approach uses the coefficient estimates of (5) to estimate an observation of the IMR for each teacher in year t. 7 The IMR is the ratio of the probability density function of the standard normal (PDF) to the probability that the teacher works in the classroom given observed characteristics, which is the cumulative distribution function (CDF) for the standard normal. The IMR is the variable used in the Heckit estimator to account for sample selection in the "regression" equation which can be written as 8 :
where Y isjt is the academic performance of student i taught in school s by teacher j in year t; Student is a vector of descriptive variables about the student; TV jt is a vector of observable, time-varying characteristics about the teacher (utilized in (5)); IMR is the inverse Mills ratio for the student's primary teacher that year as estimated from (5); and ε is a stochastic error term. If ϕ 4 is statistically different from zero, we conclude there is a sample selection (incidental truncation) issue to be addressed when evaluating the impact of observable teacher characteristics.
To account for heterogeneity in teacher effectiveness unrelated to observed characteristics, we specify a teacherschool spell fixed effect in (6) by making the intercept vary for each match between a teacher and a school. The use of a spell fixed-effect allows a teacher's influence to differ depending on the school in which she is teaching.
Inclusion of a teacher-school fixed-effect prohibits us from obtaining estimates for the impact of observed time-invariant characteristics on a teacher's productivity directly from (6). To recover such estimates, we regress the estimated spell effects from (6) on the time invariant teacher characteristics and school level fixed effects. 9 Let 6 This procedure entails transforming the linear probability model coefficients according to Eq. (2.8) in Amemiya (1981 Amemiya ( , p. 1488 ). Amemiya shows this to approximate the estimates from probit models.
7 So (5) is assumed to have a normally distributed error term with unit variance. But (5) is estimated as a linear probability model and then the estimated coefficients are transformed by the Amemiya transformation to get probit estimates of the parameters in (5). 8 The subscript j* indicates that the student was most likely not taught by the same teacher in both t and t − 1 so for almost all observations, j / = j*. In some cases the school may change for a given student for a given year but this is relatively infrequent and so ignored by our notation. 9 To get the appropriate standard errors for the regression of the estimated fixed effects on time invariant teacher coefficients, it should be noted that the estimated fixed effects are all functions of a common set of estimated coefficients. Because of this, when they are used as dependent variables in a regression model, the implied covariance matrix of the regression error terms is not a scalar covariance matrix. To accommodate this fact, the standard errors are obtained by a bootstrap.
ϕ js be the estimated fixed effect from (6). Then the third model estimated is:
There are two substantial differences in the independent variables used in (5) and (6). The first important difference is that the Class variables and annual school effects (˛s t ) used in the selection equation are excluded from the analysis of student achievement. As is in the normal Heckit procedure, identification of (6), and consequently also of (7), is enhanced by excluding at least one variable used in the first stage equation, which is used to estimate the IMR. While some multicollinearity is certainly present among the regressors in (6), the estimates of ϕ 4 are statistically significant. This implies sufficient residual variation in the IMR to reject the hypothesis of no incidental truncation.
Excluding Class from (6) assumes that the observed, mean characteristics of the teacher's students in the prior year do not themselves impact her productivity in the next year. Somewhat worrisome is that it is possible to think of ways that the teacher's prior students might influence her next year's productivity, for example through learning how to handle students with similar demographic characteristics, etc. More potentially problematic, however, are Rothstein's findings of dynamic selection such that students and teachers are non-randomly paired over time. If teachers with particular characteristics are paired to the best or worst students non-randomly then our estimation could mistake those variables' correlation with student proficiency as causal.
We rely on two factors to remove or at least substantially limit bias due to non-random sorting of students to teachers. First, to the extent that non-random sorting is consistent for teachers over time -that is, some teachers are consistently assigned the best or worst teachers -it will be accounted for in the teacher-school spell effect incorporated into (6). Thus, there is little cause for concern that non-random sorting will bias our estimate of time-variant teacher characteristics that are incorporated into (6). 10 However, since any time-invariant sorting bias will be relegated to the estimated teacher-school spell effect, there remains some worry that estimates of (7) would be biased if sorting were related to invariant characteristics such as the teacher's gender, race/ethnicity, or college preparation.
Our second defense against bias due to non-random sorting is the use of multiple cohorts for each teacher during estimation of (6) and (7). Kodel and Betts find that following teachers for up to three years in the classroom reduces the bias in the estimation of teacher fixed effects due to non-random sorting to statistical insignificance. This result logically translates to the case of measuring the influence of observed teacher characteristics as well.
Inspired by Koedel and Betts, we compare coefficient estimates derived from estimating the full model and from a model where the second stage equations are limited to only include teachers who are observed in the classroom for three consecutive years. Though not reported here, we found that the coefficient estimates from the restricted analyses of both (6) and (7) are very similar whether or not we restrict the sample to only include teachers who are observed for three consecutive years. This result seems to suggest that sorting bias is likely quite mild if it is present. We thus focus our analysis on the fuller model.
The second major difference in the regressors utilized in the selection and regression equations is that (6) incorporates a fixed effect for each teacher-school spell, while the selection Eq. (5) only incorporates a fixed effect for the school and year. Thus the two sets of fixed effects represent very different forces.
Although the specification of (5) and (6) superficially looks like a standard Heckit, it is not. In labor studies the selection Eq. (5) would determine if a person entered the labor force and (6) would be the regression for their wage. Our model is decidedly different. The selection Eq. (5) has the individual teacher as the observational unit and the regression Eq. (6) has the individual student as the observational unit. For a given teacher there are multiple students so that there are multiple observations for (6) for one observation from (5). This creates no problems for estimating the parameters in (6) consistently by ordinary least squares (OLS) although it does create complexity in computing the standard errors for the coefficient estimates in (6).
In the conventional Heckit, OLS for the coefficients in (6) are consistent (Davidson & MacKinnon, 2004) . The extension to multiple observations for a given teacher does not affect this consistency. The value of the IMR for a given teacher remains the same for each student taking a class from that teacher. 11 Because of estimating the fixed effects in (5) and (6), it cannot be asserted that the estimates of (5) and (6) are consistent using our proposed estimator. Even a maximum likelihood estimator would not be consistent because of the fixed effects so that our approach, like other estimators with fixed effects must be viewed as a reasonable approximation. The covariance matrix of the estimated parameters in (6) is distinctly different from the conventional Heckit. We will discuss our calculation of standard errors for this and the other equations below.
As given in Greene (2008) , the marginal effect of an independent variable common to both (5) and (6) on Y isjt is different from solely ϕ 3 . 12 Because changes in the common variables affect both the likelihood of a teacher teaching in a given year as well as the impact given that the teacher does teach, the net effect requires incorporating 11 To make the application standard, the observations on students for a given instructor could be averaged to give one observation per teacher. But then all of the variables on students would also have to be averaged (as they are in (5) as the Class variables) resulting in a loss of useful variation among students. Alternatively, the application could be made standard by randomly selecting one student per teacher from all the students taught by a given teacher.
12 By marginal effect we mean the change in the conditional mean of Y isjt for a marginal change in some independent variable. the impact of the likelihood of teaching. The exact formula for this is given in Greene. Computation of the marginal effect requires computing ϕ 4 times the coefficient of the particular independent variable in the approximated probit model that is changing, times the derivative of the IMR with respect to the variable changing in (5). This product is then subtracted from the coefficient in (6) of the variable of interest common to both (5) and (6). 13 The marginal effects for binary independent variables are computed differently from the marginal effects for continuous independent variables. 14 This multiplicative factor involving the IMR coefficient for computing marginal effects should also be added to the components of ω 1 . Eq. (7) simply expands the definition of the teacher-school spell effects, ϕ js , that appear in (6). If (7) is substituted back into (6) the ω 1 coefficients are seen immediately to be the change in mean student gains for a change in the corresponding variables that are multiplied by ω 1 in (7). But since these variables also appear in (5), the correct derivative must also include the adjustment described above involving the derivative of the IMR.
The interpretation of the marginal effects is of a short term or immediate impact type. The teacher variables, TI and TV, also appear in (5) and (6) in lagged forms. For example, in (5), the lagged math and reading scores are part of Class t−1 . With (7) substituted back into (6), values of TI and TV for teachers teaching students in year t −1 also appear. Indeed, the previous scores on math and reading tests also appear on the right hand side of (6) as the score obtained in t − 1. So the marginal effects computed above ignore these earlier effects. The marginal effects we compute are the changes in scores that would occur if the teacher had, say, taken an additional math course the summer before teaching the present class. Computing the long term impact that having an additional course would make at the very beginning of a teaching career is very complex and ignored here. 15 Such computation would require knowing how many years a teacher had taught and which students that teacher taught.
The IMR coefficient, ϕ 4 , has an important interpretation of its own. A property of the IMR is that it declines as the probability of a teacher remaining in teaching for another year increases. So a ϕ 4 > 0 implies that as the likelihood a teacher teaches increases (IMR decreasing), their 13 For the TI variables, substitutions for the ϕ js must be made from (7) into (6). Eq. (6) is estimated with teacher fixed effects (ϕ js ) because this allows for a representation of the full teacher effect and not just those teacher impacts correlated with the TI variables. The impacts of the TI variables on the ϕ js are captured in (7). To get the impact of the TI on test scores (6), the estimated model in (7) is substituted back into (6) It is the coefficients from (7) that are used in computing the marginal effects for the TI variables.
14 We get the impact of the change in a binary variable from 1 to 0 by computing the expected value of Y isjt with the binary variable equal to 1 less the expected value of Y isjt with the binary set equal to 0. Note, this requires re-computing the IMR in (6) with the binary of interest set at 1 and 0, respectively. 15 For example, if a teacher had taken one more course before beginning her career, we would have to be able to measure the impact on all students throughout their primary schooling careers. Thus we would have to track students and how they perform in classes other than the classes they took from a given teacher. That would be very difficult.
productivity declines. In other words, the greater the probability a teacher is to teach, the less productive they are. A negative sign on ϕ 4 has the opposite interpretation: as the likelihood a teacher will teach increases (IMR decreasing), the more productive the teacher. So a negative ϕ 4 is the socially desirable result. As discussed above, there are several factors that make calculation of standard errors problematic. We account for each of these issues by calculating standard errors for each of the equations by bootstrapping the entire procedure. We use this procedure to calculate standard errors for the coefficient estimates in (5)- (7) and for the calculated marginal effects. 16 We draw 200 random samples with replacement of n teachers, where n is the number of teachers observed when estimating (5) with the full sample. With each of these random samples we then estimate each of the equations and save the resulting coefficient estimates. The standard deviation of the resulting coefficient estimates is the standard error for that coefficient. Following Cameron and Trivedi (2005) , we report the coefficient estimate resulting from estimation with the full sample, though these are very similar to the mean of the estimated coefficients from the 200 iterations.
Data
We utilize rich datasets provided by the Florida Department of Education. These datasets contain extensive information about individual students and teachers over time and allow us to link them to each other in classrooms.
Our student-level dataset contains observable characteristics for the universe of Florida public school students in grades three through ten for each year from 2000-2001 to 2003-2004 . Along with demographic information, the dataset includes the child's scores on the math and reading portions of the state's mandated standardized exam, the Florida Comprehensive Assessment Test (FCAT).
We focus our analysis on teachers in elementary grades, in large part because we are better able to match students to a single teacher who is most responsible for their math or reading test score. Because all models utilize prior student test scores in estimation, and testing in Florida begins in the third grade, our analysis utilize only observations from students in the fourth and fifth grades.
We also take advantage of a comprehensive dataset that contains observable characteristics for all Florida public school teachers who graduated from a Florida public university in or after 1995 that are gathered from their college transcripts. The dataset tracks teacher employment in the schools beginning in 2000-2001. Along with demographics, the dataset contains information on each university course in which the teacher enrolled, certification status, year hired, and other observable administrative information.
We collect information on the number of course credits a teacher completed within several categories we define according to course title and the department in which the course is offered. We identify several course categories that represent direct training in education: math pedagogy, reading pedagogy, other pedagogy, behavior management, education research, internship, curriculum and assessment, education administration, early childhood, special education, and other education course credits. We also categorize credits attempted in a reading or math course taught outside of the education college. Remaining coursework was categorized in a final "other course" category.
Importantly, each dataset contains a unique identifier for each particular class (that is, a grouping of students being taught by a particular teacher in a given year) that the teacher taught and in which a student was enrolled. We use this identifier to match students to their particular teachers in a given year. The dataset also includes an identifier for the course number of a class, so we also know the class type as well as the particular teacher for a given student.
Our primary goal is to account for attrition and consequent incidental truncation from the classroom when estimating the factors that relate to effectiveness. This requires obtaining observations on those teachers who are not currently in the classroom in order to estimate (5), just as research in labor economics utilizes observable characteristics of individuals not participating in the labor force when estimating a similar equation. This is difficult because our dataset does not continue to update information about teachers who are no longer employed in the school system. We use the following procedure to account for this to derive observations on experienced teachers who were subsequently not in the classroom for one or more of the three years subsequent to 2000-2001. We assume that individuals with prior classroom experience make up the pool of potential teachers in a given year. That is, once a teacher has been in the classroom, she remains a prospective teacher, at least for up to three years. This assumption allows us to utilize a teacher who has taught in 2001-2002 or later, in the sample for all years subsequent to their first year, whether they are observed in the classroom or not. 17 Functionally, we generate observations on the relevant independent variables based on observations on exited teachers in their last year of active teaching in a Florida public school. To do this, we begin with teachers who are in the classroom in 2000-2001. We then match these teachers to a dataset of those teachers in the classroom in [2001] [2002] . This identifies those teachers who were in the classroom in 2000-2001 but are no longer in the classroom the following year. We generate a variable indicating whether the teacher is observed in a Florida classroom that year, which serves as the dependent variable when estimating (5). In fact, we are only truly able to observe whether a teacher exits the Florida public school system, rather than whether they have exited the profession all together. Many of these teachers have likely left the profession, while others may have moved to a teaching position outside of the Florida public school system.
For each of the exited teachers we create a new observation in the subsequent years' datasets that contain the previously observed characteristics for the teacher. The use of a unique teacher identifier allows us to identify teachers who leave and then re-enter the classroom, at which point they are updated with the newly observed characteristics. 18 We repeat this procedure for each year in our dataset, creating a single, multi-year dataset that for each year includes information on veteran teachers who are in the classroom and information for exited veteran teachers who are thus potential teachers. This means that in the 2000-2001 school year we have no observations of a teacher who is not in the classroom, we have some observations on exited teachers for the 2001-2002 school year, and increasingly more in each subsequent year. This means the panel of teachers is unbalanced because the number of non-working teachers grows each year. 19 As a result of this procedure, the estimation samples include only teachers who have taught at least one year subsequent to 2001 and are in at least their second year of teaching. The limitation of no first-time teachers in (5) also avoids a specification error in (6). The first-time teacher must decide if she is going to teach in the Florida public school system. Such a decision involves weighing alternatives open to them and then deciding. Teachers having at least one year of teaching make similar decisions but they are also aided by inside knowledge and accumulated teaching experiences, as particularly embodied in the Class variables. So some factors influencing the decision to teach in year t for both first-timers and veterans differ and thereby indicate the need for two separate selection models. 20 First-time teachers are also excluded from (7) because there is no IMR value for them.
Another important difficulty with utilizing this dataset for estimation is that students are very often assigned to 18 Note that for an exited teacher gone more than one year, all observations on variables related to Class are set at the last year the teacher taught. For example, the mean math and reading scores of the students taught in the past year maintain the same values for all subsequent years after the teacher exited. The intuition here is that the teacher is considering her last classroom experience when thinking of whether or not to re-enter the classroom. 19 Wooldridge presents a panel data model with selection where the probit equation is re-estimated each year. An advantage of constant reestimation is that exogenous or dependent variables in year t can be included in the year t + 1 as predetermined variables for estimating the probit in year t + 1. Thus the number of variables in each year's probit model could change. We do not pursue this approach in the present study because the number of exogenous variables does not change across years. One implication of a fixed number of regressors is that only the most recent Class observations are relevant for the teacher in deciding whether to continue teaching. 20 Estimating a first-time teacher selection model is beyond the capability of our data sets. First-timers self-select from a population of all people who have the minimum qualifications to be teachers in the Florida public school system but are not currently teaching. Identifying the relevant sampling frame is clearly impossible. So estimating a binary choice model to predict who becomes a first-year public school teacher in Florida is not feasible. more than one classroom and/or more than one teacher for a given academic subject. The unit of observation in the analysis must be for a single child-year observation and its pairing with a single teacher-year information -including multiple observations for a given child in a given year for one subject in the analysis would suggest that multiple data generating processes were responsible for a single observational datum.
When creating the dataset we assume that only one teacher is responsible for the child's academic growth in a particular subject (math or reading). It is likely the case that the child's primary teacher in an elementary class is most responsible for his achievement in math and reading. To arrive at a single student-year observation matched to a single teacher we develop a series of screening rules to eliminate additional observations of a student-teacheryear match where we had multiple such observations.
The first screen was to include only observations where the student was enrolled in a general class (i.e. a class designated as "3rd Grade") or that was aligned with the subject that was to be evaluated -math or reading. In the next screen, when students continued to have more than one student-teacher-year observation, we excluded such matches where the teacher was listed as not being "full time". The idea here is that most part time teachers are unlikely to be the child's primary teacher in a given classroom or subject. If after these two screens we were still left with multiple observations of a student-teacheryear match we randomly determined which observation to include. We matched students to a single teacher with our screens before resorting to random matching for 94 percent of students in reading but only 76 percent of students in math; prior to random sorting, 99 percent of students in reading and 96 percent of students in math were assigned to one or two teachers.
As a robustness check, we ran models that included only students matched to a single teacher in the dataset in a given year. Coefficient estimates and standard errors were very similar whether or not we utilize the full or restricted sample.
The result of this procedure is a dataset of student-year observations that were linked to a single teacher. Though we are forced to give up some useful observations, our very large number of observations across several teachers, students, and courses provide consistent coefficient estimates. Table 1 reports descriptive statistics for observations included in our analyses.
Results

Relationship between observed characteristics and attrition
We begin by looking at the results of estimating our equations evaluating the probability that a teacher is in the classroom in a given year. The results from this model are themselves interesting because they suggest which observable attributes about a teacher make them more or less likely to leave the system in a given year. Table 2 reports the OLS coefficient estimates resulting from the estimation of (5). The estimates suggest that teachers are more likely to remain in the classroom if their prior students have higher entering math and/or reading proficiency. We also find a positive relationship between the percentage of a teacher's prior students who are black or Hispanic and the probability of remaining in the classroom. Teachers with master's degrees and certain other certifications are more likely to remain in the classroom.
Interestingly, teachers who have taken more courses in reading and math outside of the education college are more likely to remain in the classroom. This result is somewhat contrary to the often discussed intuition that teachers with training more valued in the labor market outside of education would be more likely to leave the profession due to their more marketable skills. 
Impact of observed characteristics on student achievement
We now turn to the results from estimating Eqs. (6) and (7), in which we evaluate the impact of observed teacher characteristics on changes in student math and reading proficiency. We begin with the math results. The first two columns of Tables 3A and 3B report the coefficient estimates in the math analysis of time variant teacher characteristics from (6) with and without accounting for sample selection through inclusion of the IMR. The third column in the tables reports the overall marginal effects from the model with selection, which are our results of particular interest. Finally, in order to illustrate the potential difference in our findings relative to other research, the fourth column reports the ratio of the coefficient estimates without accounting for selection to the marginal effects calculated once selection is included.
The first thing to note is that the IMR coefficient in the model accounting for selection is highly statistically significant. This indicates that sample selection is present. However, the presence of sample selection does not appear to substantially alter the estimated influence of observed characteristics on student proficiency. As shown in Tables 3A and 3B , the coefficient estimates are very similar for most variables whether or not we account for sample selection.
Similar to prior work, we find little to no relationship between observed teacher characteristics and student learning in math. A teacher earning a master's degree is unrelated to student proficiency, as are years of experience. A teacher's coursework in pedagogy outside of the math field is positively related to student achievement, while coursework in behavior and management as well as curriculum and assessment are negatively related to it. Tables 4A and 4B report the results of time-variant and time-invariant characteristics in reading according to a similar format. As before, Table 4A shows that the coefficient on the IMR variable is highly statistically significant, indicating the existence of sample selection. As in math, Bracketed figures are t-ratios using bootstrapped standard errors. Dependent variable is the student's math test score. Model also controls for prior student score, year, grade level, student gender, race, free or reduced priced lunch status, LEP status, and whether the student is identified as disabled. Models also include a teacher-school spell fixed effect. Last column is ratio of first column figure divided by third column figure. * Significance at 0.1. ** Significance at 0.05. *** Significance at 0.01.
we find that possession of a master's degree and most types of certification are unrelated to classroom effectiveness. Being certified to teach English as a second language appears to have a negative influence on student achievement. Finally, the estimates suggest that teachers with seven or more years of experience are less effective than are younger teachers, which differs from prior research. However, when considering the estimates on teacher experience it is important to keep in mind that our model excludes teachers in their first year of teaching. Table 4B again finds a significant relationship between course credits and teacher effectiveness that mirror the findings in math. Courses in reading and general pedagogy are positively related to teacher effectiveness, while coursework in behavior and management as well as curriculum and assessment are negatively related to it.
Teacher quality and attrition
As discussed previously, the sign of the IMR coefficient indicates whether more or less effective teachers are likeliest to leave the classroom. Both models find a statistically significant IMR coefficient with a positive sign. Since we know that there is an inverse relationship between the probability a teacher remains in the classroom and the IMR, this indicates that higher quality teachers are more likely to leave the classroom.
We are also interested in the substantiality of this relationship. For example, we would like to know the impact on a student's performance from having a teacher who is, say, 10 percentage points more likely to have remained in the classroom that year. Here we attempt to recover such an estimate from the coefficient on the IMR.
The IMR is the ratio of the PDF to the CDF for an observation using the coefficient estimates resulting from estimation of (5). From (6) and by the chain rule, this means that we are particularly interested in:
where CDF is the estimated cumulative distribution function for the observed teacher in a given year. The reported coefficient on the IMR is an estimate of (∂Y ijt /∂IMR ijt ). A regression on simulated data suggests that (∂IMR ijt /∂CDF ijt ) equals approximately −1.48. 21 Inputting the coefficient estimates for the IMR and translating into standard deviation terms finds that a student assigned to an elementary teacher who is 10 percentage points more likely to remain in the classroom will have 0.03 standard deviations lower proficiency in reading and 0.04 standard deviations lower proficiency in math at then end of the year than he would otherwise. 21 We calculated the CDF and IMR for each one-hundredth point increase in a CDF value from 0.01 to 0.99 and then regressed the IMR against the CDF. This produced an estimated coefficient on the CDF of −1.48. Clearly, the exact relationship is non-linear. However, a graph of this relationship appears nearly entirely linear and the R-squared value of the regression of the IMR against the CDF is 0.999. The coefficients on squared and cubic terms are statistically significant when they are included in the simulation, but their impact is negligible. For ease of interpretation we focus on the linear case here. 
Conclusion
This paper adds to a wide and growing literature evaluating teacher effectiveness and attrition by accounting for sample selection. Our results indicate there is a sample selection bias to estimating the impact of observed teacher characteristics on student proficiency gains, but that failure to account for such bias does not appear to severely hamper estimation. Thus, our findings might be best thought of as confirming the validity of prior estimates by striking a potential limitation that they had faced.
It is important to note that we have only considered the influence of sample selection that derives from nonrandom attrition from the classroom among those who have attempted to teach in the first place. As mentioned previously, another area of selection worth consideration in future research is that which derives from the type of individual who chooses to become a teacher in the first place.
We also find some evidence that there are both observed and unobserved characteristics about teachers that make them more likely to leave the profession. Teachers are more likely to remain in the classroom if they are assigned higher performing students at the beginning of the year. Also, teachers who have put forth the effort to obtain advanced degrees and certifications are less likely to leave the profession. Finally, we find some evidence that higher performing teachers appear to be more likely to leave the profession.
